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Subject review 
Wireless Multimedia Sensor Networks (WMSNs) provide realization of applications which are usable everywhere and address many fields like mobile 
health care, environmental surveillance and traffic monitoring. Large amount of data causes to traffic in memory resources, difficulties in operation, and 
excessive power consumption -which is the most important one - for every node while WMSNs transfer multimedia data during those applications. Those 
kinds of problems are vital for WMSNs which already have limited resources. Image compression can be one of the effective solutions to overcome those 
problems. Thus, network lifetime of WMSNs can be increased significantly and the bandwidth can be used in a more effective way. The main purpose of 
this study is to investigate image compression algorithms used for WMSNs in the literature and to show which algorithm is advantageous in which case by 
making comparisons among them.  
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Analiza načina sažimanja slike u bežičnoj višemedijskoj senzorskoj mreži 
 
Pregledni članak 
Bežične višemedijske senzorske mreže - Wireless Multimedia Sensor Networks (WMSNs) omogućuju realizaciju aplikacija koje se svugdje mogu 
primijeniti, a odnose se na mnoga područja kao što je briga o zdravlju, praćenje stanja okoliša i upravljanje prometom. Izmjena velikih količina podataka 
stvara  poteškoće u funkcioniranju memorije te prekomjernu potrošnju energije u svakom čvoru - a to je najvažnije - dok WMSNs prenose multimedijske 
podatke tijekom tih aplikacija. Ta je vrsta problema od bitne važnosti za WMSNs koji već imaju ograničene resurse. Sažimanje slike može biti jedno od 
učinkovitih rješenja za svladavanje tih problema. Trajnost WMSNs na mreži može se tako značajno povećati, a širina područja se može učinkovitije 
iskoristiti. Glavna svrha ovoga rada je istražiti algoritme sažimanja slike koji se u literaturi primjenjuju za WMSNs te uspoređujući ih pokazati koji 
algoritam ima prednost u pojedinom slučaju. 
 
Ključne riječi: bežična multimedijska senzorska mreža; sažimanje slike; učinkovitost energije 
 
 
1 Introduction  
 
Wireless Sensor Networks (WSNs) are the networks 
which realize data processing and computation features of 
sensor nodes on wireless channel with several 
communication devices [1, 2]. As for Wireless 
Multimedia Sensor Networks (WMSN), they are the 
networks which transfer real-time multimedia data 
(sound, image, and video) to each other or to a sink via 
sensors with cheap hardware. Audio and visual data may 
exist on a single device. Besides transmission, WMSNs 
are able to store real-time data after taking it from many 
sensors. 
Besides their usage in some applications like traffic 
control systems, advanced healthcare services and 
industrial process control, WMSNs are mostly used for 
monitoring purposes. Surveillance systems are developed 
against crime and terrorism attacks by using video and 
audio sensors. Since wireless nodes and video cameras in 
WMSN are capable of high computation, they facilitate 
several applications [3, 4]. Furthermore, classification of 
the images taken from WMSN increases the usability of 
the application significantly [5]. 
Recently, CMOS cameras and microphones which 
have cheap hardware are started to be used to capture 
multimedia content (video and sound flow) around. Audio 
and video contents exist together in a single device thanks 
to the developments in hardware [6]. The most promising 
developments in real-time multimedia monitoring are 
obtained with WMSN. But, some resource requirements 
of the applications like network lifetime and energy 
become important issues in WMSN since the data amount 
to be transferred is rather more than WSN [1, 7]. Power 
consumption is a fundamental issue for WMSN. It uses 
most of the energy for data transmission. Therefore, a 
proper design is required to maximize WMSN lifetime. 
Other problems that affect the development of WMSN are 
limited band width and memory [1, 8]. 
WMSN needs high memory to store multimedia data 
and high band width to transfer high resolution images. It 
is required for an image which is captured by a sensor 
node to be compressed before processing and 
transmission because of limited band width. An effective 
method can be provided via image compression by 
removing redundant data. In addition, compressing the 
images reduces the cost of storage [9]. 
WMSNs can be evaluated in three phases: sensing, 
data processing and transmission. Data processing and 
transmission phases are the phases which incur energy 
issues. Proper compression algorithms will increase the 
lifetime of the sensors by decreasing data size and power 
consumption. Power consumption is the main factor that 
affects the usability of WMSNs. That is why simple 
compression operations must be used to eliminate energy 
consumption issues [1].    
In the following sections, image compression 
algorithms for WMSN will be mentioned. Then, these 
algorithms will be compared and a decision will be made 
about which algorithm is more effective in which case. 
 
2 Image compression techniques in WMSNs  
 
Using some image compression algorithms like JPEG 
and JPEG2000 is not logical for WMSNs since they have 
limited power and band width. The most problematic 
cases with these algorithms are algorithm size, processor 
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speed and memory access [1, 10]. Image compression 
techniques for WMSNs are schematically shown in 
Figure 1. 
Image compression can be done in two ways: with 
data loss and without data loss. Lossless compression is 
generally used for the images with low correlation 
between pixels, while lossy techniques are used for 
complex and high-correlation images like camera images. 
Lossy techniques have important advantages such as 
shorter encoding/decoding time, high compression ratio 
and usability in power-limited applications. Sizes of the 
images which are compressed by lossless techniques are 
quite big with respect to lossy techniques and they 
consume more power and band width in sensor nodes. 
Therefore, lossless algorithms are not preferred to transfer 
images on WMSNs [9]. 
 
2.1 Lossless image compression techniques 
 
Lossless compression techniques are divided into two 
categories: Decorrelation and entropy coding [11]. 
 
2.1.1 Decorrelation  
 
Decorrelation is one of the lossless techniques which 
remove redundancies between pixels. It can be 
categorized as prediction-based techniques [12], 































Figure 1 Image compression techniques in WMSN 
 
2.1.2 Entropy coding 
 
Entropy coding also removes redundancies and it is 
based on RLC (Run Length Coding) and statistical 
coding. It can be used together with some lossy 
compression algorithms like JPEG. Lossless compression 
techniques never lose any data that will cause image 
transmission to be very complex and will reduce 
compression ratio.  
 
2.2 Lossy image compression techniques 
 
Lossy compression techniques have higher 
compression ratio than the lossless techniques. In lossy 
compression, the compressed image is not usually the 
same with the original image. Therefore, a distortion 
metric is used. Distortion metric is a mathematical 
magnitude which defines an approximation to the original 
image. The most frequently used distortion metrics are 
MSE and PSNR [9]. 
 
2.2.1 Discrete cosine transforms (DCT) 
 
Discrete Cosine Transform (DCT) is the most 
prevalent transform coding technique and a well-known 
DCT-based compression scheme is JPEG [9]. DCT based 
image compression divides images into 8×8 blocks and 
encodes each block individually [17]. The equation of two 
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Matrices are composed so. Matrix P is obtained by 
subtracting 128 from each element of the matrix. Then, 
matrix A and its transpose are multiplied by this matrix P, 
and DCT matrix is found.   
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Next, quantization operation occurs. How much the 
image will be compressed is determined thanks to this 
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Figure 2 Image compression techniques in WMSN [14] 
 
DCT based image compression provides sufficient 
compression efficiency and encoding is done with small 
individual image blocks. Thus, low-memory applications 
can be realized using it [17]. 
 
2.2.2 Discrete wavelet transforms (DWT) 
 
Image compression with wavelet functions are one of 
the transform based compression methods. First, wavelet 
transform is applied to the image and some of the 
coefficients are removed from the image. The decision 
about which coefficients will be thrown or which of them 
will be saved, can be given according to application such 
as statistical calculations, signal energy position of the 
image and experienced threshold value. Encoding is 
applied on the rest of the coefficients. Compressed image 
is reconstructed back from the decoded coefficients and 
the original image is obtained by applying inverse 
transform [18]. 
The fundamental idea in wavelet analysis is to 
reacquire information from the details in different levels. 
Wavelet transform can be considered as a tree scheme 
which is composed of high-pass and low-pass filters. 
While low-pass filter {Ln} is reducing the information in 
signal or in a data array, high-pass filter {Hn} saves this 
lost information. The image is separated into average sub 
bands with wavelet transform [9]. 
Most of the energy density of an image is generally 
intensified in low-frequency regions. Spectral components 
of an ordinary image decreases as the frequency 
increases. This feature of an image is seen in DWT, too. 
Assume that n-level DWT decomposition is done. In this 
case, low levels correspond to high frequency sub bands. 
For example, while the first level shows the highest 
frequency sub band, at the same time it shows a level in 
which the resolution is the highest.  Therefore, the nth 
level shows the lowest frequency sub band and 
corresponds to the lowest resolution level. So, energy 
content of lower band decreases as we go from higher 
levels to lower levels. Similarly, when the pixel 
magnitude value of a sub band in a certain level is 
observed as low, the pixel value of a sub band in a lower 
level is expected to be lower [18]. 
Wavelet based transforms present a signal in time and 
frequency domains with a well resolution by using a 
series of basic functions called wavelet. Wavelets in 
image compression are separable functions. To apply 
these, first a low-pass filter is applied on the rows to 
generate L and H sub bands, and then LL, LH, HL, and 
HH sub bands are generated by applying high-pass filter 
to the columns. In the second step, each of the four sub 
bands is separated into four sub bands as LL2, LH2, HL2, 















Figure 3 2-level 2D DWT decomposition [19] 
 
2.2.3 Embedded zero-tree wavelet (EZW) based  
Compression technique 
 
Embedded Zero-tree Wavelet is a simple and 
effective image compression algorithm and its property is 
that bits in a bit array are generated based on their 
importance. As a result, a fully embedded code arises and 
this embedded code is an array of binary decisions which 
distinguish the image from an empty image. An encoder 
may stop encoding at any point and so the target rate or 
target distortion metric is satisfied. Furthermore, given a 
bit array, decoder may stop decoding at any point and 
again the same image with a bit rate which corresponds to 
the clipped bit array is generated. In addition to 
generating fully embedded bit array, EZW produces such 
compression results that may compete with many well-
known compression algorithms. This performance is 
achieved by a technique which does not require training, 
preloaded tables, code books or previously known 
resource images [20]. 
EZW is based on four concepts [20]: 
•  Discrete wavelet transform 
• Predicting absence of important information by using 
similar images 
• Successive prediction scaling with entropy coding 
• "Universal" lossless data compression which is 
achieved by adaptive arithmetic encoding 
 
2.2.4 Set partitioning in hierarchical trees (SPIHT) 
 
Set partitioning in hierarchical trees (SPIHT) is an 
advanced version of EZW and a powerful wavelet based 
compression algorithm [21]. To compress an image with 
SPIHT, wavelet transform is applied to the image before 
partitioning. The sub bands which are obtained by 
wavelet transform have small-value coefficients that 
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compose a few percentages of the image energy. 
Quantifying these small-value coefficients to zero does 
not cause too serious losses in the image. The image 
which is constituted with this operation has mostly zero-
value pixels. Coding steps of SPIHT are given in Fig. 4. 
This property of wavelet transform is the basis of 
SPIHT. DWT of the images show an unstable 
characteristic. In other words, pixel values of detailed 
images are mostly composed of zeros or the values close 
to zero. The coefficients of DWT in this algorithm are 
organized as spatial orientation tree. The reason of 
constituting these trees is to collect high-correlation pixels 
in a set. Coefficient in a level and similarity rate in 
another level is increased with this set configuration. 
Thanks to this feature of wavelet transform, high 






Sorting Pass Refinement Pass
Image Compressed 
Image
Figure 4 SPIHT coding steps [21] 
 
2.2.5 Low energy image compression algorithm (LEICA) 
 
Image is divided into two parts as Region of Interest 
(ROI) and background. ROI is the region which is 
expected to be seen. To save image quality, the image is 
compressed with low compression ratio. Background is 
assumed to be less important and so, this part can be 
compressed more. Thus, the energy of the image is saved 
more [23]. 
Camera nodes keep background and save it into the 
memory when the monitored object is not seen. Scalar 
sensor node is used for monitoring objects. If the object is 
not seen, then the camera which is stays in passive mode. 
Otherwise, the camera triggered by the scalar sensor node 
captures the image and the captured image is defined as f. 
The difference of each block between the captured image 
(f) and the background (b) is calculated by the formula 
given below. Camera node goes on taking background 
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The value of D0, which is the threshold value between 
ROI and the blocks, is determined by camera node and 
the monitored scene. Image quality of ROI determines 
Pmax. The value of Pmin is determined by the remaining 
energy of the nodes and image quality of the pixels. The 
value of Pmin is less than the value of Pmax. When an 
image is compressed, the value of Pmin determines the 
number of DCT coefficients. Other operations of LEICA 
are the same as JPEG [23]. 
 
2.2.6 Embedded block coding with optimized truncation 
(EBCOT) 
 
Embedded block coding with optimized truncation 
(EBCOT) is a block based coding algorithm. The main 
idea of EBCOT is to transform LL, LH, HL, and HH sub 
bands into smaller code blocks. Each block is coded 
independently [5]. EBCOT is divided into two parts: data 
coding and data arrangement. Block diagram of 
JPEG2000 is given in Figure 5. Embedded coding is 
realized as block based. A popular image compression 
standard, JPEG2000, adopts EBCOT compression 
technique [24]. 
EBCOT is realized as a new type of scalable image 
compression techniques which is done previously. It uses 
wavelet transform to generate sub band samples which are 
able to be coded after quantifying. Scalable compression 
corresponds to generating a bit array that consists of 
embedded sub sets. Each of these subsets show the 
effectively compressed version of the original image 
whose resolution is decreased or distortion ratio is 
increased. Resolution scalability and SNR scalability 
terms appear at this point. A bit array is called as 
resolution scalable if it consists of discrete sub sets each 
of which shows subsequent resolution level.  If a bit array 
consists of discrete sub bands which show all sub bands 
in a certain quality (SNR) level, SNR of that bit array is 
scalable. The most important advantage of scalable 
compression is that there is no need to know about the 
target bit rate or resolution during compression. Another 
advantage is that there is no need to compress an image 
more than once to achieve desired bit rate as opposed to 
JPEG2000 [25]. 
 
DWT Quantization Tier-1 Tier-2Image Comperessed 
Image
Figure 5 JPEG2000 block diagram [9] 
 
3 Comparison of image compression techniques 
 
To determine which compression technique is the 
best one for WMSN, we may analyze the data given in 
Tab. 1. Although DCT requires low memory in 
applications when it is compared by DWT, it is not a good 
choice for WMSNs. It consumes approximately 60 % of 
total energy because of the complexity of encoder and this 
is very much [9]. Ma et al. [33] showed that the floating 
point application of JPEG has the highest work load. 
Compilation time (103,12 ms) consumed most of the 
energy of encoder. Also, there are many efforts to reduce 
work load of DCT. Fakhari et al. [18] developed high-
efficiency architecture for DCT by using virtex 5 
parallelism and consequent series on Xilinx FPGA. 
Additionally, Zheng and Liu [27] developed a fast DCT 
algorithm based on JPEG [28]. They used binary DCT 
system on JPEG encoder. They construct all operations on 
a binary system and accelerated operation speed. 
There are several techniques based on discrete 
wavelet transform to provide energy efficiency in 
WMSNs. Ghorbel et al. [26] made a performance analysis 
for DCT and DWT. As a result, they proved that DWT is 
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better than DCT in terms of image quality and energy 
consumption. Image quality for Lena (64×64) is found as 
33,55 db (PSNR) with DWT and 30,52 db with DCT. 
Furthermore, they used AA-NiMH 2850 mA Alkali 
battery in the system. This battery is used for 281,34 
hours for DWT and 245,20 hours for DCT. 
Nasri et al. [29] proposed an adaptive image 
compression structure (skipped high-pass sub band-
SHPS) which minimizes computation and communication 
energies. They ignored high pass coefficients which have 
very small values. Skipping the least significant sub band 
reduces work load and saves the energy. Another 
technique called as Elimination High-Pass Filter (EHPF) 
[30] is developed after that. Only low-pass filter is applied 
in vertical direction, not high-pass filter. Therefore, only 
LL and LH sub bands, which include more important 
information about the image, are generated. They actually 
provided some saving from the energy by causing little 
distortion in the image. This technique constitutes an 
adaptive compression technique, AWICAO (Adaptive 
wavelet image compression and organization algorithm). 
The selection of the most effective technique is done 
according to the trade-offs like energy consumption and 
image quality. 
EBCOT is an algorithm which has the highest 
performance in terms of compression quality. Tier-1 
operation in this algorithm is responsible for arithmetic 
coding and context arrangement. The encoder consumes 
the power very much in EBCOT during the operation. 
Therefore, energy consumption is very high, execution 
time is long because of computation complexity, and 
memory need appears. Thus, EBCOT is not usable for 
WMSNs [25]. Tier-1 operation consumes more than 70 % 
of the energy after DWT step [19]. 
Jackson et al. [31] compares image compression 
techniques. When they compare fractal and JPEG, they 
see that fractal has bigger compression rate, but it is 
concluded that it is not that much useful since it decreases 
the lifetime of WMSN significantly by consuming large 
amount of energy during encoding [16, 19]. 
Generally, JPEG or JPEG2000 compression standards 
are used to save band width and storage while a visual 
data is being transferred. However, computation 
operations of those standards consume large amount of 
energy. WMSNs are energy-limited networks, and 
therefore less energy-consuming algorithms must be used 
[32]. 
SPIHT became the best solution for WMSNs because 
of high compression ratio, less computation complexity 
(than EZW [20] and DCT), and lower power consumption 
[9]. Ma et al. developed a version of SPIHT [33]. They 
improved PSNR value (between 0,2 ÷ 0,4) with different 
techniques, but not using arithmetic coding. However, 
increasing complexity requires more memory space for 
SPIHT. At the end of the studies, it is deduced that SPIHT 
consumes very small amount of energy and has high 
compression ratio. In addition, Sun et al. [34] developed a 
real-time application based on SPIHT, which uses DSP 
chip. DSP chip lowered encoding time to less than 40 ms 
and reduced memory cost 13 ÷ 14 times. 
Kose et al. [35] compared SPIHT and JPEG 
compression techniques on 3D images. They showed that 
SPIHT outperforms according to the results of the 
simulations. Also, Chong et al. [36] used SPIHT to 
compress multiple images in WMSNs. In their analysis, 
the sensor nodes which will join image processing have 
higher computation power than the other nodes. Image 
sensors first capture the image, and send it to the 
microprocessor to make operations on it later and to 
remove redundancies. Next, the stitched image is 
compressed by SPIHT to reduce transferred bit number. 
Simulations show that the transferred data is 10 ÷ 15 % 
reduced. 
Fu-Xiao et al. [37] uses SPIHT in three phases to 
minimize visual distortions in WMSNs. In the first phase, 
wavelet transform is applied to the images. Wavelet 
coefficients of SPIHT are calculated in phase two, and 
lastly, context based arithmetic encoding is realized for 
SPIHT. At the end, it is mentioned that SPIHT is useful 
since it minimizes image distortions in WMSNs. 
EBCOT provides high-efficiency compression when 
it is compared by SPIHT, but there are multi-layered 
coding operations in EBCOT. Besides, it needs multiple 
encoding tables for arithmetic encoding, and this makes 
the system more complex and expensive (because of extra 
memory requirement). So, SPIHT comes into prominence 
[24, 38]. 
The image is divided into two parts as background 
and foreground in LEICA. The background is assumed to 
be unimportant and high compression ratio is realized 
there. Therefore, LEICA is not appropriate for the 
situations in which both background and foreground are 
of the same importance. Also, in some applications, 
sensor nodes are required to be always awake, but in 
LEICA sensors are passive when no object is seen. It is 
seen that LEICA is quite efficient in terms of computation 
complexity and power consumption. LEICA may be 
useful towards the needs of the application [23]. 
 
Table 1 Evaluation of the mentioned image compression algorithms
 DCT [9, 16, 17] EZW [20] EBCOT [21, 24]  SPIHT [22] LEICA [23] 
Memory Requirement Low Medium High Medium Medium 
Operation complexity Low Low High Medium Medium 
Power consumption Low Medium High Low Low 
Compression ratio Low Medium High High High 
Compressed image quality Low Low High High Medium 
System complexity Low Medium High Medium Medium 
Coding speed High Low Medium High High 
Network lifetime Medium Medium Low High High 
 
4 Evaluation of image compression techniques 
 
After the evaluations of prevalent image compression 
techniques in WMSNs, the following results can be 
obtained: 
•  60 % of total energy is consumed during encoding in 
DCT compression algorithm. PSNR value is lower 
than DWT-based techniques. It is found to be 30,52 
db in Lena application, although it is 33,55 in DWT-
based techniques [25]. 
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•  EZW is one of the very first algorithms used in 
WMSNs. The system, which is based on the 
prediction of the absence of important information by 
making use of similar images, contains complexness 
although it provides high compression ratio [20]. 
• 70 % of total energy is consumed during encoding 
when EBCOT compression algorithm is used [11]. 
• Computation speed of SPIHT is very high and it may 
improve image quality by 0,2 ÷ 0,4 rates [18]. 
•  Number of dead nodes in LEICA is very small when 
compared by other techniques. Also, network lifetime 
is 87 % longer than JPEG [23]. 
 
The properties of the above mentioned algorithms are 




Image compression techniques are very important in 
WMSNs which have many hardware and energy 
limitations. Therefore, the preferred method must have 
the features like fast and efficient image processing, low 
memory requirement, high compression quality, 
noncomplex system, and low computation load. 
In this study, all image compression algorithms that 
can be used for WMSNs are investigated and they are 
briefly compared in Tab. 1. According to this analysis, a 
compression technique can be chosen considering the 
specifications of the application. Some selection priorities 
for three efficient image compression techniques can be 
the followings: 
• DCT for the situations in which the image quality is 
expected to be adjusted., 
• LEICA for the situations in which nodes become 
optionally awaked and image quality is ignored.   
•  SPIHT for high compression ratio and energy 
efficiency. 
 
It is concluded that using specific algorithms in 
specific situations provides efficiency in WMSNs. 
In the next study, it is planned to develop such an 
application that chooses a proper algorithm dynamically 
according to system requirements. This feature will be 
provided automatically. It is predicted that energy 
efficiency of the system will reach its maximum with this 
approach. 
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